Abstract: This study utilizes the seven bivariate generalized autoregressive conditional heteroskedasticity (GARCH) models to forecast the out-of-sample value-at-risk (VaR) of 21 stock portfolios and seven currency-stock portfolios with three weight combinations, and then employs three accuracy tests and one efficiency test to evaluate the VaR forecast performance for the above models. The seven models are constructed by four types of bivariate variance-covariance specifications and two approaches of parameters estimates. The four types of bivariate variance-covariance specifications are the constant conditional correlation (CCC), asymmetric and symmetric dynamic conditional correlation (ADCC and DCC), and the BEKK, whereas the two types of approach include the standard and non-standard approaches. Empirical results show that, regarding the accuracy tests, the VaR forecast performance of stock portfolios varies with the variance-covariance specifications and the approaches of parameters estimate, whereas it does not vary with the weight combinations of portfolios. Conversely, the VaR forecast performance of currency-stock portfolios is almost the same for all models and still does not vary with the weight combinations of portfolios. Regarding the efficiency test via market risk capital, the NS-BEKK model is the most suitable model to be used in the stock and currency-stock portfolios for bank risk managers irrespective of the weight combination of portfolios.
Introduction
In recent years, volatility and value-at-risk (VaR) forecasts have been a key topic in the financial field because they can be used to measure the risk of assets, especially for the VaR. However, why is the VaR more popular than volatility when we measure the assets' risk? The reason is that it can react to the skewed and leptokurtic characteristics appearing at the return distribution of most financial assets when the long and short positions of assets are considered. Owing to this merit, VaR has been widely used in financial fields such as risk management, financial control, financial reporting, and computing capital requirement. For example, the capital requirement is the amount of capital a bank or another financial institution has to hold as required by its financial regulator. However, the capital requirements for general market risk are based on the output of a bank's internal value-at-risk model and are calibrated to a common supervisory standard. In other words, a value-at-risk model produces an estimate of the maximum amount that the bank can lose on a particular portfolio over a given holding period and with a given degree of statistical confidence. Notably, if the bank's internal value-at-risk model overestimates the actual VaR, then the bank may lose the opportunity cost, whereas when this theory of three types of back-testing, market risk capital, and the superior predictive ability test that are used to evaluate the VaR forecast performance for alternative VaR models. Section 4 states the basic statistical features for the return series of both United States dollar index and seven stock indices in American and Europe. Section 5 analyzes the empirical results of alternative bivariate GARCH models and further explores the issues addressed in this study via the performance assessments of VaR forecasts. Finally, the conclusion is drawn in the last section.
Methodology
As shown in the section of the introduction, the seven bivariate GARCH models are composed of four bivariate variance-covariance specifications (i.e., the CCC, DCC, ADCC, and BEKK) with the standard and non-standard approaches. Notably, only the non-standard approach is considered for the ADCC specification (i.e., the NS-ADCC model). The four bivariate variance-covariance specifications can roughly be classified into the following two categories. The first category uses the conditional variances and correlations to depict the correlative relationship between two assets such as the CCC, DCC, and the ADCC. The second category uses the conditional variance-covariance matrix to explore the correlative relationship between two assets such as the BEKK model. Subsequently, the theory of the above two categories of models is depicted at the following two subsections.
The Variance-Correlation Type of Bivariate GARCH Models
In this subsection, the CCC and DCC models are selected as the representative of the variance-correlation type of bivariate GARCH models. The bivariate DCC-GARCH(1,1) model is composed of a mean equation and a variance-covariance equation. Hence, the mean equation in the vector form can be defined as follows. r t = µ + e t , e t |Ω t−1 = H 1/2 t ·z t ∼ N(0, H t ), z t ∼ N(0, I)
where r t = (r 1,t , r 2,t ) is a column vector of log returns, that is, r i,t = (lnP i,t − lnP i,t−1 ) × 100, P i,t denotes the close price of the ith stock index at time t; µ = (µ 1 , µ 2 ) denotes a column vector of the above mean returns; e t = (e 1,t , e 2,t ) is a column vector of the error terms; and z t follows a bivariate Gaussian distribution with a mean zero and its variance-covariance matrix equals the identity matrix, I. Conversely, the variance-covariance equation is expressed in the form of DCC-GARCH(1,1), and its vector form is represented as follows.
where H t denotes the variance-covariance matrix; D t = diag h 0.5 11,t , h 0.5 22,t is a diagonal matrix; R t = diag q −0.5 11,t , q −0.5 22,t ·Q t ·diag q −0.5 11,t , q −0.5 22,t is the correlation matrix, Q t = q ij,t denotes a 2 × 2 symmetric positive definite matrix, and can be expressed as Q t = 1 − a − b Q + a u t−1 ·u t−1 + b Q t−1 , u t = (u 1,t , u 2,t ) is a column vector with u i,t = e i,t / h ii,t , Q is the 2 × 2 unconditional variance matrix of u t , and a and b are the non-negative scalar parameters satisfying the condition of a + b < 1. 2 Except for the DCC-GARCH(1,1) model, we also follow Tamakoshi and Hamori (2014) to use the asymmetric DCC-GARCH(1,1) (hereafter, ADCC) model. The ADCC model is a special case of the asymmetric generalized DCC (hereafter, AGDCC) proposed by Cappiello et al. (2006) . This model considers the asymmetry in the correlation and can better capture the heterogeneity present in the data. In the AGDCC model, Q t = q ij,t is expressed as follows. Q t = Q − A QA − B QB − G NG + A u t−1 ·u t−1 A + G n t−1 ·n t−1 G + B Q t−1 B 2 For more details about these two types of models, please see Bauwens et al. (2006) and Silvennoinen and Teräsvirta (2009). where A, B, and G are the 2 × 2 parameter matrices; Q and N are the unconditional correlation matrices of u t and n t ; and n t = I[u t < 0] • u t , I[·] is a 2 × 1 indicator function that takes on the value of 1 if the argument is true and 0 otherwise; '•' denotes a Hadamard product; and Q = E[u t u t ], and N = E[n t n t ]. Notably, the Q and N can be replaced with the sample analogues, T −1 ∑ T t=1 u t ·u t and T −1 ∑ T t=1 n t ·n t , respectively. T denotes the sample size of the estimation period. If A, B, and G are respectively replaced by scalars a, b, and g, then the AGDCC model degenerates into the ADCC model. Hence, the ADCC model can be expressed as the following form.
Q t = Q − a Q − b Q − g N + a u t−1 ·u t−1 + g n t−1 ·n t−1 + b Q t−1
where a = a 2 , b = b 2 , and g = g 2 . In this case, parameters a, b, and g are not restricted as positive values. If g = 0, then the ADCC model degenerates into the DCC model created by Engle (2002) . The correlation matrix R t can be expressed as follows. 
Hence, R t is also a symmetric positive definite matrix including the time varying conditional correlations ρ 12,t = q 12,t / √ q 11,t ·q 22,t and ρ ii,t = 1 for i = 1, 2. Owing to H t = D t ·R t ·D t , the variance-covariance specification of bivariate DCC-GARCH(1,1) or bivariate ADCC-GARCH(1,1) model is also expressed as the following matrix form. 
Therefore, h 12,t = h 21,t = ρ 12,t h 11,t ·h 22,t and h ii,t can be defined as any type of univariate GARCH(1,1) model such as h ii,t = ω i + α i e 2 i,t−1 + β i h ii,t−1 for i = 1, 2. Notably, the above bivariate DCC-GARCH(1,1) model degenerates into the bivariate CCC-GARCH(1,1) model when the parameters a and b are set as zero. Therefore, the log-likelihood function of the bivariate DCC-GARCH(1,1), CCC-GARCH(1,1), and ADCC-GARCH(1,1) models can be written as follows: 
where Ψ = [µ 1 , µ 2 , ω 1 , α 1 , β 1 , ω 2 , α 2 , β 2 , ρ 12 ] and µ 1 , µ 2 , ω 1 , α 1 , β 1 , ω 2 , α 2 , β 2 , a , b , respectively, are the vector of parameters to be estimated for the bivariate CCC-GARCH(1,1) and bivariate DCC-GARCH(1,1) models whereas Ψ = [µ 1 , µ 2 , ω 1 , α 1 , β 1 , ω 2 , α 2 , β 2 , a, b, g] is the vector of parameters to be estimated for the bivariate ADCC-GARCH(1,1) model. T denotes the sample size of the estimate period, f(·) denotes the bivariate normal density, Ω t−1 denotes the information set of all observed returns up to time t − 1 whereas r t , e t , and H t are defined in Equations (1) and (2).
In addition, both the bivariate CCC-GARCH(1,1) model and the bivariate DCC-GARCH(1,1) model can be classified into two sub-categories based on the procedure of the parameters estimate. If all the parameters of these models are estimated via only one step, then the bivariate CCC-GARCH(1,1) model and the bivariate DCC-GARCH(1,1) model are respectively named as the standard CCC (hereafter, S-CCC) model and the standard DCC (hereafter, S-DCC) model. 3 On the contrary, when the parameters of these models are estimated via two successive steps, the bivariate CCC-GARCH(1,1) model and the bivariate DCC-GARCH(1,1) model are respectively named as the non-standard CCC (hereafter, NS-CCC) model and the non-standard DCC (hereafter, NS-DCC) model. In this section, we select the NS-ADCC model as an example to illustrate the estimating procedure of the non-standard or two-step approach. The parameters of the bivariate ADCC-GARCH(1,1) model are estimated via two successive steps only, hence, this model is named as the non-standard ADCC (hereafter, NS-ADCC) model. The detailed estimate procedure of NS-ADCC model is listed as follows. First, two univariate GARCH(1,1) models are fit for each of the two component assets' return series (i.e., r i,t for i = 1, 2), and then the estimates of variance series h ii,t and residue series e i,t for i = 1, 2 are obtained. Hence, the log-likelihood value LL i and the values of parameters µ i , ω i , α i , and β i are obtained from the estimation of the ith univariate GARCH(1,1) model corresponding to the ith component asset for i = 1, 2 during this step of estimation. Second, two standardized residual return series (u i,t for i = 1, 2) are obtained by the residual return series (e i,t ) divided by their estimated standard deviations series ( h ii,t ) (i.e., u i,t = e i,t / h ii,t for i = 1, 2). In addition, the above two corresponding negative component residual return series (n i,t for i = 1, 2) are obtained by the relation: n i,t = I[u i,t < 0]·u i,t where I[·] is an indicator function that takes on the value of 1 if the argument is true and 0 otherwise. Subsequently, the above two standardized residual return series (u i,t for i = 1, 2) and their corresponding negative component residual return series (n i,t for i = 1, 2) are used to estimate the intercept parameters of the conditional correlation (a, b, and g). During this step of estimation, the log-likelihood value LL 3 and the values of parameters a, b, andg are obtained from the estimation of the correlation matrix equation:
Notably, the two-step parameters estimate approach can be employed when the dimension of the multivariate GARCH model is greater than two. Under the framework of the parametric techniques (Jorion 2000) , the one-day-ahead long position VaR of a portfolio 4 based on the bivariate CCC-GARCH(1,1), DCC-GARCH(1,1), and ADCC-GARCH(1,1) models can be calculated as follows.
where µ P is the conditional mean of return for a portfolio; w i is the weight of component asset i (i.e., the share of asset i in a portfolio); µ i is the conditional mean of return for component asset i, and z α denotes the left-tailed percentile at α% for the standardized normal distribution;ĥ ij,t+1|t is the one-step-ahead variance (respectively, covariance) forecast when i = j (respectively, i = j) conditional on all information upon time t, and it can be obtained from Equation (6) . The parameters of the standard CCC and DCC models are estimated by the GARCH instruction provided by the Rats 6.0 program. The parameters of these models are estimated only by one step compared with the two steps' CCC and DCC models. In a real case, if an institution wants to evaluate the operation performance of several fund managers that respectively have different values of assets measured with different currencies, indicating that it is hard to evaluate their operation performance when 'the VaR expressed in actual monetary value' is used. However, it is easy to evaluate their performance as 'the VaR expressed in return' is utilized since the return is dimensionless. Notably, we can convert the above expression via the following equation. 'The VaR expressed in actual monetary value' = 'the VaR expressed in return' * the value of asset's position. Taking an example to illustrate it, if the value of an asset is USD 1000, and its VaR expressed in return is 1.4091%, then 'the VaR expressed in actual monetary value' is equal to USD 14.091 (=1.4091%* USD1000).
The Variance-Covariance Type of Bivariate GARCH Models
In this subsection, the BEKK 5 model is chosen as the representative of the variance-covariance type of bivariate GARCH models. The bivariate BEKK-GARCH(1,1) model can be classified into the following two sub-categories based on the number of parameters to estimate in a model. The first sub-category: the standard BEKK-GARCH(1,1) model (hereafter, S-BEKK) 6 has eleven parameters. The second sub-category: the non-standard BEKK-GARCH(1,1) model derived by Su (2014c) (hereafter, NS-BEKK) has only nine parameters. The BEKK-GARCH model proposed by Engle and Kroner (1995) is a restricted version of the VEC model 7 and it has the attractive property of the conditional covariance matrix being definitely positive owing to its matrix's construction. Hence, the standard BEKK model has the following form.
where A ik and G jk are n × n dimensional matrices, and C 0 is an upper triangular matrix. e t−i is an n × 1 column vector of error terms, and H t denotes the n × n dimensional variance-covariance matrix. The decomposition of the constant term into a product of two triangular matrices is to ensure the positive definiteness of H t and the summation limit From the property of DMC, it holds that determines the generality of the process. It should be clear that Equation (9) will be definitely positive under very weak conditions. Furthermore, this representation is sufficiently general since it includes all positive definite diagonal representations and nearly all positive definite VEC representations. To clearly illustrate the BEKK-GARCH model, this study considers the bivariate BEKK-GARCH(1,1) model with the restriction condition of 'K = p = q = 1' and 'K = 2, and p = q = 1' for the standard and non-standard BEKK-GARCH models, respectively. The above standard and non-standard BEKK-GARCH models are respectively named as the S-BEKK and NS-BEKK models. Hence, when the restrictions 'K = p = q = 1 and n = 2' are substituted into Equation (9), the S-BEKK model can be obtained as follows.
H t = C 0 C 0 + A 11 e t−1 e t−1 A 11 + G 11 H t−1 G 11 (10) where the parameters A 11 and G 11 are 2 × 2 dimensional matrices and C 0 is an upper triangular matrix. They are defined as follows: Hence, the S-BEKK model can also be expressed as follows. When the above matrix expression is manipulated, we obtain that, first, the variance-covariance matrix H t is a symmetric matrix (i.e., h 12,t = h 21,t ). Second, the model in Equation (10) includes eleven parameters (i.e., the elements in matrices C 0 , 5 The BEKK model is named after Baba et al. (1990) . 6 The parameters of the standard BEKK model are estimated by the GARCH instruction provided by the Rats 6.0 program. The parameters of these models are estimated only by one step. This approach is the same as the standard CCC and DCC models mentioned above.
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According to Bauwens et al. (2006) , there are three non-mutually exclusive approaches to construct multivariate GARCH models: (i) direct generalizations of the univariate GARCH model of Bollerslev (1986) ; (ii) linear combinations of univariate GARCH models; and (iii) nonlinear combinations of univariate GARCH models. Notably, both the VEC and BEKK models belong to the above first approach. In the general VEC model, each element of the conditional variance matrix (H t ) is a linear function of the lagged squared errors and cross-products of errors and lagged values of the elements of H t . The BEKK model is a special case of the VEC model. Hence, the number of parameters in the BEKK model is less than that in the VEC model. For example, the numbers of parameters in the VEC(1,1) and BEKK(1,1,1) models are n(n + 1)[n(n + 1) + 1]/2 and n(5n + 1)/2, respectively. The BEKK(1,1,1) model is expressed as Equation (10) 
where parameters a 11 , g 11 , c 11 , and c 22 are restricted to be positive in order to avoid 'the BEKK model with K = 1 being observationally equivalent structures 8 . Conversely, when the restrictions 'K = 2, p = q = 1, and n = 2' are substituted into Equation (9), the NS-BEKK model can be obtained as follows. 
where the matrices H t , C 0 and the vector e t−1 are defined as the same as in Equation (10) Subsequently, substitute these matrices into Equation (12), we first obtain that the variance-covariance matrix H t is a symmetric matrix (i.e., h 21,t = h 12,t ). Second, the number of parameters of the model in Equation (12) will decrease to nine (i.e., the elements in matrices C 0 , A 11 , A 12 , G 11 and G 12 ). Third, the elements of this variance-covariance matrix H t are expressed as the similar form of univariate GARCH(1,1), and are represented as follows.
h 11,t = ω 1 + α 1 e 2 1,t−1 + β 1 h 11,t−1 h 12,t = ω 12 + α 12 e 1,t−1 e 2,t−1 + β 12 h 12,t−1 h 22,t = ω 2 + α 2 e 2 2,t−1 + β 2 h 22,t−1
where ω 1 = c 2 11 , α 1 = a 2 11,1 , β 1 = g 2 11,1 , ω 12 = c 12 c 11 , α 12 = a 11,1 a 22,1 , β 12 = g 11,1 g 22,1 , ω 2 = c 2 22 + c 2 12 , α 2 = a 2 22,1 + a 2 22,2 , β 2 = g 2 22,1 + g 2 22,2 . Hence, the bivariate BEKK GARCH model with the restrictions 'K = 2, and p = q = 1' can be represented by a bivariate diagonal model in vech form.
1,t−1 e 1,t−1 e 2,t−1 e 2 2,t−1
where the vech operator takes the 'lower triangular' portion of a symmetric matrix and stacks each element into a vector with a single column. This bivariate diagonal type of BEKK model uses only 9 parameters. Thus it is more parsimonious as compared to the 11 parameters for the S-BEKK model under the condition of positive definite being fulfilled. Moreover, the parameters of the bivariate S-BEKK and NS-BEKK models are also estimated by the maximum likelihood (ML) optimizing 8 Please see the Proposition 2.1 of Engle and Kroner (1995) for more details.
numerically the Gaussian log-likelihood function. Hence, the log-likelihood function of these two models can be written as follows: ] respectively are the vector of parameters to be estimated for the bivariate S-BEKK and NS-BEKK models, T denotes the sample size of estimate period, f(·) denotes the bivariate normal density and Ω t−1 denotes the information set of all observed returns up to time t − 1. Notably, the mean equation of these two models is also expressed in Equation (1). Under the framework of the parametric techniques (Jorion 2000) , the one-day-ahead long position VaR of a portfolio based on the bivariate S-BEKK and NS-BEKK models can be calculated as:
(16) where µ P , w i , µ i , and z α are defined as the same in Equation (8);ĥ ij,t+1|t is one-step-ahead variance (respectively, covariance) forecast when i = j (respectively, i = j) conditional on all information upon time t.ĥ ij,t+1|t can be obtained from Equation (11) for the S-BEKK model and Equation (13) for the NS-BEKK model.
Assessment Methods of Alternative VaR Models
In the previous section, the seven bivariate GARCH models (S-CCC, NS-CCC, S-DCC, NS-DCC, S-BEKK, NS-BEKK, and NS-ADCC) were used to calculate the parametric approach VaR for 21 bi-component stock portfolios 9 and seven bi-component currency-stock portfolios. The stock portfolios comprise of alternative two stock indices among seven stock markets in the US and Europe, whereas the seven currency-stock portfolios comprise the US dollar index with alternative one stock index among the seven stock markets. Moreover, many financial institutions are required to hold capital against their market risk exposure. The MRC requirements are calculated based on VaR estimates generated by the financial institutions' own risk management models. Hence, the accuracy of these VaR estimates is of concern to both financial institutions and their regulators. Thus, in this study, three accuracy measure tests- Kupiec (1995) unconditional coverage test, Christoffersen (1998) conditional coverage test, and Engle and Manganelli (2004) dynamic quantile test-are mainly used to perform the back-testing of the VaR model, and the empirical results are used to compare the VaR forecasting ability of the seven abovementioned models. Except for performing a VaR forecasts performance comparison, this study combines an efficiency test with MRC to select a suitable model to manage the risk to a bank via using the two-stage selection procedure of Sarma et al. (2003) . Thus the theory of MRC and the superior predictive ability (SPA) test of are also described in this section.
The Failure Rate and Unconditional Coverage Test
If the predicted VaR is not able to cover the realized loss, this is termed as a violation. A binary loss function (BLF) is merely the reflection of the likelihood ratio test of the unconditional coverage test (LR uc ) and gives a penalty of one to each exception of the VaR. Hence, the BLF of a long position is a Bernoulli random variable and it can be defined as follows.
where BL t+1 denotes the one-day-ahead BLF of long position, and r P,t = w 1 r 1,t + w 2 r 2,t , and w 1 = w 2 = 0.5 denote the component weights of an equal weight bi-component portfolio. However, in this study, there are other two component weights' combinations: w 1 = 0.25, w 2 = 0.75 and w 1 = 0.75, w 2 = 0.25. If a VaR model truly provides the level of coverage defined by its confidence level, then the average binary loss function (ABLF) or the failure rate over the full sample will equal c for the (1 − c)th percentile VaR. Kupiec (1995) proposed the unconditional coverage test (LR uc ) which is a likelihood ratio test for testing the model accuracy. The null hypothesis of this test is that the probability of failure for each trial (π) equals the specified model probability (p). The likelihood ratio test statistic is given by 
Conditional Coverage Test
Even if the LR uc test can reject a model that either overestimates or underestimates the true but unobservable VaR, it cannot inspect whether the exceptions are randomly distributed. In a risk management framework, it is significant that the VaR exceptions must be uncorrelated over time, which hints that both the independence and unconditional coverage tests based on the evaluation of interval forecasts must be simultaneously considered when the competition of a group of VaR models is performing. Christoffersen (1998) thus proposed a conditional coverage test (LR cc ) to jointly test the correct unconditional coverage and serial independence. The LR cc test is a joint test of these two properties and the corresponding test statistics are LR cc = LR uc + LR ind when we condition on the first observation. The LR ind test denotes the likelihood ratio statistic that tests whether exceptions are independent, and the LR uc is defined in the previous subsection. Therefore, under the null hypothesis of the expected proportion of exceptions equals p and the failure process is independent, the appropriate likelihood ratio test statistic is expressed as follows:
where n ij denotes the number of observations with value i followed by value j (i, j = 0, 1), π ij = P{I t = j|I t−1 = i } (i, j = 0, 1),π 01 = n 01 /(n 00 + n 01 ),π 11 = n 11 /(n 10 + n 11 ).
Dynamic Quantile Test
Engle and Manganelli (2004) proposed the dynamic quantile (DQ) test to remedy the inefficiency in the conditional coverage test by Christoffersen (1998) . We define a sequence of indicator variables for testing the VaR of the long position as follows.
where Hit L,t is an indicator function of the long position. Engle and Manganelli (2004) suggested to jointly test that: (1) E(Hit L,t ) = 0; (2) Hit L,t is uncorrelated with variables included in the information set. These two tests can be done by using an artificial regression, Hit L,t = XB + ε t , where X is an N × k matrix whose first column is a column of ones, and the remaining columns are additional explanatory variables such as five lags of Hit L,t and the current VaR, hence, k equals seven. Engle and Manganelli (2004) showed that under the null hypothesis, the dynamic quantile test statistic is represented as DQ = B X X B/c(1 − c), where B is the ordinary least squares estimate of B, and X and B respectively denotes the transpose of matrix X and vector B. The DQ test statistic has an asymptotic Chi-square distribution with seven degrees of freedom, χ 2 (7).
Market Risk Capital and the Superior Predictive Ability Test
According to the 1996 Market Risk Amendment (MRA) to the Basel Capital Accord, the regulatory capital for the trading positions of commercial banks is determined by the banks' own internal VaR estimates and then the market risk capital (MRC) loss function for a long position is expressed as follows. 
where VaR t (10, 0.99) denotes the VaR estimate generated on day t under the conditions of a 99% confidence level and a 10-day holding period, and it is expressed in return; k t is the MRA's multiplication factor that equals 3 to 4 depending on the number of exceptions over the past 250 days. For example, the multiplier value is 3 when the exceptions are between 0 and 4; the multiplier values are 3. 4, 3.5, 3.65, 3.75, and 3.85 for the five through nine exceptions, respectively; and the multiplier value is 4 as the exceptions are above 10. In other words, MRC t is the amount of regulatory capital a bank must hold with respect to its market risk exposure. The MRA capital loss function has several elements that reflect the bank regulators' concerns. Given its actual use by market participants, the regulatory loss function implied in the MRA is a natural way to evaluate the relative performance of VaR estimates within an economic framework. For more details, please see Lopez (1999) . Subsequently, we will introduce the theory of the superior predictive ability (SPA) test by . The SPA test is used to explore whether any of the competing models significantly outperform the benchmark. For the jth model, we generate a T number of VaR forecast: VaR j,t for t = 1, 2, . . . , T. For every VaR forecast, we generate the loss function L j,t ≡ MRC j,t that represents the function as defined in Equation (21). The performance of the jth model relative to the benchmark 0th model at time t can be defined as:
Assuming stability for F j,t , we can define the expected performance of the jth model relative to the benchmark as µ j = E F j,t for j = 1, 2, . . . , m. If the jth model outperforms the benchmark one, then the value of µ j will be positive. Hence, we can analyze whether any of the competing models significantly outperform the benchmark via testing the null hypothesis that µ j ≤ 0, for j = 1, 2, . . . , m. Consequently, the null hypothesis that none of the models is better than the benchmark (i.e., no predictive superiority over the benchmark itself) can be formulated as H 0 :
The associated test statistic proposed by is expressed as follows. Politis and Romano (1994) . More details of this procedure are illustrated in and Hansen and Lunde (2005) .
Data and Descriptive Statistics
The study data include the daily prices of the following seven stock indices (with abbreviations in parentheses): the US NYSE (Ny), S&P500 (Sp), and Nasdaq (Na) in America; the France CAC40 (Ca), Germany DAX (Da), UK FTSE (Ft), and Swiss SMI (Sm) in Europe; and the one US dollar index (Udi). Subsequently, 21 alternative weight combinations' bi-component stock portfolios are constructed by choosing alternative two stock indices among the above seven stock indices, and they are the Ny-Sp, Ny-Na, Ny-Ca, Ny-Da, Ny-Ft, Ny-Sm, Sp-Na, Sp-Ca, Sp-Da, Sp-Ft, Sp-Sm, Na-Ca, Na-Da, Na-Ft, Na-Sm, Ca-Da, Ca-Ft, Ca-Sm, Da-Ft, Da-Sm, and Ft-Sm 10 . In addition, seven alternative weight combinations' bi-component currency-stock portfolios are constructed by the US dollar index with an alternative one-stock index among the above seven stock indices: Udi-Ny, Udi-Sp, Udi-Na, Udi-Ca, Udi-Da, Udi-Ft, and Udi-Sm. These 21 stock portfolios and seven currency-stock portfolios are used as the data to evaluate the VaR of seven bivariate GARCH models. For example, the Ny-Sp pair of data of an equal weight bi-component's portfolio is constructed by NYSE and the S&P500 stock indices with the same weights. The daily closing spot prices of the seven stock indices cover the period from 24 August 2000 (respectively, 3 February 2014) to 31 January 2014 (respectively, 7 March 2016) for the estimation (respectively, forecast) period, totaling 3300 (respectively, 500) observations 11 . These trade data for alternative stock indices were downloaded from http://finance.yahoo.com/. The trade data of the US dollar index were downloaded from https://research.stlouisfed.org. Returns are defined as the difference in the logarithms of two successive daily prices of stock index multiplied by 100. Table 1 lists the basic statistical characteristics of the US dollar index and the seven stock indices' return series for the overall sample periods. The average daily returns are positive for NYSE, S&P500, Nasdaq, and DAX and negative for the other indices. However, they are very small compared to their corresponding standard deviations except for the UDI, implying that the seven stock indices are volatile in terms of price level except for UDI. Regarding the coefficient of skewness, most of these return series are significantly left-skewed except for Nasdaq, CAC40, and DAX. As indicated by the excess kurtosis, all the values significantly exceed zero at the 1% level, thereby inferring that the distribution of returns has a larger and thicker tail than the normal distribution, and implying a leptokurtic characteristic. Moreover, the J-B normality test statistic proposed by Jarque and Bera (1987) are all significant at the 1% level and thus reject the hypothesis of normality, confirming that none of the return series is normally distributed. The Ljung-Box Q 2 (24) statistics for the squared returns are all significant at the 1% level and thus indicate that the return series exhibit serial dependence and strong ARCH effects. Thus, the above preliminary data analysis suggests that the GARCH family models can be used to seize the fat tails and time-varying volatility found in the above eight indices' return series. Notes:
(1) The superscripts b and c at each statistic denote that the values of that statistic are significant at the 5% and 1% levels, respectively. (2) Kurtosis denotes the excess kurtosis. (3) J-B statistics are based on Jarque and Bera (1987) , and they are asymptotically chi-squared-distributed with 2 degrees of freedom. (4) Q 2 (24) statistics are asymptotically chi-squared-distributed with 24 degrees of freedom.
Empirical Results and Analyses
In this study, the seven bivariate GARCH models: the S-CCC, NS-CCC, S-DCC, NS-DCC, S-BEKK, NS-BEKK, and NS-ADCC models are utilized to estimate the VaR of 21 bi-component stock portfolios, and seven bi-component currency-stock portfolios, and the further three accuracy measures: the LRuc, LRcc, and DQ tests and one efficiency test are used to evaluate the out-of-sample VaR forecast performance of the above seven bivariate GARCH models 12 . Before the performance competition of VaR forecast for the above seven bivariate GARCH models is executed, the fitting ability of the above seven models is explored via the empirical results of the parameters for the alternative models.
Estimation Results for Alternative Bivariate GARCH Models
In this subsection, only the empirical results of the non-standard or the two-step ADCC type of the bivariate GARCH model (i.e., the NS-ADCC model) for the overall period are illustrated. Table 2 lists the empirical result of the NS-ADCC model for the six NYSE-based bi-component portfolios 13 . Notably, via the example of Ny-Sp portfolio in this table, this two-step estimate procedure is performed as follows. First, the parameters of the NS-ADCC model for two stock indices are estimated by using the two independent univariate GARCH(1,1) models. Thus, the coefficients µ 1 (0.0505), ω 1 (0.0178), α 1 (0.0886), β 1 (0.8986) and one log-likelihood value LL 1 (−4800.17) for the first univariate GARCH(1,1) model corresponding to the first component stock index are produced, and they are listed in the column 'Ny-Sp' in panel A of Table 2 . Similarly, the coefficients µ 2 (0.0491), ω 2 (0.0168), α 2 (0.0880), β 2 (0.9000) and one value of the log-likelihood LL 2 (−4803.92) for the second univariate GARCH(1,1) model corresponding to the second component stock index are produced and they are listed in the column 'Ny-Sp' in panel B of Table 2 . In addition, the two variance series (i.e., h 11,t , and h 22,t ) and two residue series (i.e., e 1,t and e 2,t ) are also obtained in this step. Second, the above two standardized residual return series (u i,t for i = 1, 2) and their corresponding negative component residual return series (n i,t for i = 1, 2) are used to estimate the intercept parameters of the conditional correlation matrix equation listed in Equation (4). During this step of estimation, the values of parameters a(0.2041), b(0.9738), and g(−2 × 10 −5 ) and one log-likelihood value LL 3 (−4386.75) are obtained, and they are listed in panel C of Table 2 . As shown in Table 2 , the ω i , α i , and β i coefficients where i = 1, 2 12 The out-of-sample VaR forecast is executed via a rolling window approach. That is, the seven bivariate GARCH models are estimated for each of 28 pair-wise data series, with a sample of 3300 daily returns, and then a one-day-ahead VaR forecast of the bi-component portfolio for the next period is obtained. Subsequently, the estimation period is then rolled forward by adding one new day and dropping the most distant day. Via repeating this procedure, the out-of-sample VaR forecasts are computed for the next 500 days. 13 Due to the limited space, the empirical results of the other 22 bi-component portfolios for the NS-ADCC model, and the empirical results for the other six bivariate GARCH models (i.e. the S-CCC, NS-CSS, S-DCC, NS-DCC, S-BEKK, and NS-BEKK models) are all omitted here and are available upon request.
are positive and significant at the 1% level for all six NYSE-based portfolios. Notably, the values of ω 1 , α 1 , and β 1 coefficients are all equal for all NYSE-based portfolios owing to having the same first component asset within the two-step estimate procedure. Moreover, the values of parameters a and b are all significantly positive, whereas the values of parameter g are very small and are not significant for most cases, indicating that the asymmetric property of correlation seems not to exist in the stock-based portfolios. Notably, the values of a 2 + b 2 + g 2 for the six NYSE-based portfolios are less than 1, indicating that the correlation matrix Q t is positive definite. In addition, the mean conditional correlation for the overall period is between 0.4944 (Ny-Sm) and 0.9746 (Ny-Sp) for all NYSE-based portfolios. Finally, the values of Q 2 1 (24) and Q 2 2 (24) test statistics are significant for most of the six pairs of data. However, the values of the above statistics are significantly lower than those appearing in Table 1 . These results indicate that the serial correlation has been significantly reduced in standard residuals, confirming that the NS-ADCC model addressed in this study is sufficient to correct the serial correlation that exists in the conditional variance equation of these six pairs of returns series. 
The Performance Assessments of VaR Forecasts
In this study, according to the procedure of the parameters estimate or the number of parameter estimate of model (i.e., the approach of parameters estimate), the seven bivariate GARCH models: the S-CCC, NS-CCC, S-DCC, NS-DCC, NS-ADCC, S-BEKK, and NS-BEKK models can be classified into the following two categories: the standard CCC, DCC, and BEKK models (i.e., the S-CCC, S-DCC, and S-BEKK models); and the non-standard CCC, DCC, ADCC, and BEKK models (i.e., the NS-CCC, NS-DCC, NS-ADCC, and NS-BEKK models). Or, according to the specification depicting the correlative relationship between two assets, they can be divided as the following four categories: the CCC model by Bollerslev (1990) (i.e., the S-CCC and NS-CCC models), the DCC model by Engle (2002) (i.e., the S-DCC and NS-DCC models), the ADCC model by Cappiello et al. (2006) (i.e., the NS-ADCC model), and the BEKK model defined in Engle and Kroner (1995) (i.e., the S-BEKK and NS-BEKK models). Subsequently, the above seven bivariate GARCH models are utilized to estimate the VaR of the 21 bi-component stock portfolios and seven bi-component currency-stock portfolios, and then the three accuracy measures and one efficiency test are used to evaluate the out-of-sample VaR forecast performance of the above seven bivariate GARCH models. Further, regarding the results of accuracy tests, this study explores which bivariate variance-covariance specification, which parameter estimate approach has a better VaR forecast performance, and whether the asymmetric DCC model has t better forecast performance than its corresponding symmetric one. In addition, this study also explores whether the different weight combinations and the different component combinations of portfolios affect the above comparison results. Regarding the results of the efficiency test, which determines which model is the most suitable to manage the risk of a bank via combing the MRC. The above efficiency test is performed by the superior predictive ability (SPA) test by .
Preliminary Analysis of Average VaR Performance
In this subsection, the failure rate and the mean VaR 14 during the out-of-sample period are first used to evaluate the forecast performance of the above seven bivariate GARCH models: the S-CCC, NS-CCC, S-DCC, NS-DCC, NS-ADCC, S-BEKK, and NS-BEKK models 15 . Basically, the greater (respectively, smaller) the mean VaR of a model in the absolute value, the lower (respectively, higher) 14 The mean VaR is the average of all the VaR values over the out-of-sample period, and can be calculated by the following equation: Mean VaR = ∑ 500 t=1 LVaR p,t /500, where LVaR p,t denotes the value of the portfolio's VaR at time t, and can be calculated by Equation (8) or Equation (16). The sample size of the out-of-sample period is equal to 500 in this study. 15 Actually, it is very hard to compete against the models' forecasting performance via the failure rate since it cannot provide the significance level for the obtained conclusion. Owing to the above reason, the forecasting performance comparison of alternative models based on the failure rate is listed in the section of 'Preliminary analysis of average VaR performance'.
the failure rate of the model. If, as reported in the empirical results, all the failure rates are almost higher (respectively, lower) than the prescribed level, indicating that all models underestimate (respectively, overestimate) the true VaR and if a model produces only lower (respectively, higher) failure rates or the greater (respectively, smaller) mean VaR, then this model will have a better performance.
Regarding the bi-component stock portfolios with an equal weight, Table 3 (respectively, Table 4 ) reports the failure rates (respectively, mean VaR) of long position for each of the seven bivariate GARCH models under a 95% confidence level over the entire out-of-sample period 16 . Before the implementation of more VaR evaluation tests, the failure rates and mean VaR can be considered as the preliminary analysis of average VaR performance during the forecasting period. To easily explore the issues addressed in this study, the corresponding comparison results of failure rates (respectively, mean VaR) are summarized in panel A (respectively, panel B) of Table 5 . Subsequently, we will illustrate how to execute the several groups of model performance competition regarding the issues addressed, and then depict how to summarize the comparison results in Table 5 . As shown in Table 3 , except for a few cases such as the Na-Sm and Ca-Sm of S-DCC, all failure rates are almost higher than the prescribed level, indicating that all models underestimate the true VaR. This result implies which kind of VaR models can bear a better performance because they produce lower failure rates. According to the issues addressed in this study, four categories of the model performance competitions will be executed in this section. The first category of the model performance competition is the performance competition between the standard approach and its corresponding non-standard approach based on the same bivariate variance-covariance specification and it includes three groups of the model performance competitions-the S-CCC vs. NS-CCC, the S-DCC vs. NS-DCC, and the S-BEKK vs. NS-BEKK. The first category of the model performance competition is used to inspect which approach of parameters estimate, the standard or non-standard approach, has a better VaR forecast performance, and it is accomplished by finding the total number of portfolios with a lower value of the failure rate between the standard approach and its corresponding non-standard approach that a specified bivariate GARCH model has based on the same variance-covariance specification, and then these results are summarized in column S1 in Table 3 . For instance, regarding the first panel of Table 3 , the S-CCC (respectively, NS-CCC) model has the lower value of failure rate between the S-CCC and NS-CCC models only for the Ny-Sp and Sp-Na portfolios (respectively, Ny-Da and Ny-Ft portfolios). Hence, the numbers in column S1 corresponding to the S-CCC and NS-CCC models of the first panel in Table 3 are 2 and 2, respectively. Conversely, the S-DCC (respectively, NS-DCC) model has the lower value of failure rate between the S-DCC and NS-DCC models for all seven portfolios (respectively, none of the portfolios). Hence, the numbers in column S1 corresponding to the S-DCC and NS-DCC models of the first panel in Table 3 are 7 and 0, respectively. Concerning the last group of the model performance competition, the S-BEKK vs. NS-BEKK, and the other two panels, the results are summarized in column S1 of Table 3 corresponding to the specified model and the specified panel with the same inference process. Finally, regarding the 95% level, the results in column S1 corresponding to the three panels of Table 3 are also respectively summarized at the three columns underneath the 95% level that are also underneath S1 in Panel A of Table 5 . Note: (1) Ny, Sp, Na, Ca, Da, Ft and Sm denote the USNYSE, S&P500, and Nasdaq; France CAC40, Germany DAX; United Kingdom FTSE; and Swiss SMI stock indices, respectively. (2) S-CCC and NS-CCC respectively denote the standard and non-standard (i.e., the two-step) constant conditional correlation models; S-DCC and NS-DCC respectively denote the standard and non-standard (i.e., the two-step) dynamic conditional correlation models; S-BEKK denotes the standard BEKK model whereas NS-BEKK denotes the non-standard (i.e., the simplified) BEKK model derived by Su (2014a) ; NS-ADCC denotes the non-standard (i.e., the two-step) asymmetric type of the dynamic conditional correlation models. (3) The symbol '-' in column S1, S2, S3, and S4 denotes that no comparison result exists in this case. (4) The number in this table denotes the failure rate at the 95% level for equal weight bi-component stock portfolios. (5) The superscript * represents that the empirical failure rate is lower than the theoretical failure rate. (6) The bold font denotes the lower value of the failure rate when the predictive accuracies of the two bivariate GARCH models are compared with each other based on the same bivariate models but with different types of estimate approaches. (i.e., the S-CCC vs. NS-CCC; the S-DCC vs. NS-DCC; and the S-BEKK vs. NS-BEKK) (7) The underlined font denotes the lowest value of failure rate when the predictive accuracies of the three bivariate GARCH models are compared with each other based on the same estimated approaches but with different types of bivariate models (i.e., the S-CCC, S-DCC, and S-BEKK; the NS-CCC, NS-DCC, and NS-BEKK). (8) The shaded font denotes the lowest value of the failure rate when the predictive accuracies of all bivariate GARCH models except the NS-ADCC are compared with each other. (9) The italic font denotes the lower value of failure rate when the predictive accuracies of the non-standard symmetric and asymmetric DCC bivariate GARCH models are compared with each other (i.e., the NS-DCC vs. NS-ADCC). (10) The numbers in column S1 denote the total number of portfolios that have the lower failure rate when the S-CCC, S-DCC, and S-BEKK models are compared with the NS-CCC, NS-DCC, and NS-BEKK models, respectively. (11) The numbers in column S2 denote the total number of portfolios that have the lowest failure rate when three bivariate GARCH models (i.e., the S-CCC, S-DCC, and S-BEKK) or the other three bivariate GARCH models (i.e., the NS-CCC, NS-DCC, and NS-BEKK) are compared with each other. (12) The numbers in column S3 denote the total number of portfolios that have the lowest failure rate when all bivariate GARCH models except the NS-ADCC are compared with each other. (13) The numbers in column S4 denote the total number of portfolios that have the lower failure rate when the NS-DCC and NS-ADCC models are compared with each other. Note: (1) Refer to notes 1-3 of Table 3 . (2) The numbers in this table denote the mean VaR at the 95% level for equal weight bi-component stock portfolios. (3) The bold font denotes the greater value of mean VaR in absolute value when the predictive accuracies of two bivariate GARCH models are compared with each other based on the same bivariate models but using different types of estimate approaches (i.e., S-CCC vs. NS-CCC; S-DCC vs. NS-DCC; and S-BEKK vs. NS-BEKK). (4) The underlined font denotes the greatest value of mean VaR in absolute value when the predictive accuracies of three bivariate GARCH models are compared with each other based on the same estimated approaches but using different types of bivariate models (i.e., the S-CCC, S-DCC, and S-BEKK; the NS-CCC, NS-DCC, and NS-BEKK). (5) The shaded font denotes the greatest value of mean VaR in absolute value when the predictive accuracies of all bivariate GARCH models except the NS-ADCC are compared with each other. (6) The italic font denotes the greater value of mean VaR in absolute value when the predictive accuracies of the non-standard symmetric and asymmetric DCC bivariate GARCH models are compared with each other (i.e., the NS-DCC vs. NS-ADCC). (7) The numbers in column S1 denote the total number of portfolios that have a greater value of mean VaR in absolute value when the S-CCC, S-DCC, and S-BEKK models are compared with NS-CCC, NS-DCC, and NS-BEKK models, respectively. (8) The numbers in column S2 denote the total number of portfolios that have the greatest value of mean VaR in absolute value when three bivariate GARCH models (i.e., S-CCC, S-DCC, and S-BEKK) or the other three bivariate GARCH models (i.e., NS-CCC, NS-DCC, and NS-BEKK) are compared with each other. (9) The numbers in column S3 denote the total number of portfolios that have the greatest value of mean VaR in absolute value when all bivariate GARCH models except the NS-ADCC are compared with each other. (10) The numbers in column S4 denote the total number of portfolios that have the greater value of mean VaR in absolute value when the NS-DCC and NS-ADCC models are compared with each other. 
Note:
(1) Refer to notes 2-3 of Table 3 . (2) The numbers in the columns 95% underneath S1 and S2 at panel A (respectively, panel B), respectively, are summarized from the numbers in the column S1 and S2 of Table 3 (respectively, Table 4) corresponding to the 95% level. (3) The numbers in the columns 95% underneath S3 and S4 at panel A (respectively, panel B), respectively, are summarized from the numbers in column S3 and S4 of Table 3 (respectively, Table 4) corresponding to the 95% level. (4) The numbers in the columns S 1,95 and S 1,99 underneath S1 at panel A (respectively, panel B), respectively, denote the total sum of three corresponding numbers in the columns 95% and 99% underneath S1 at panel A (respectively, panel B) and the numbers in the column SS1 underneath S1 at panel A (respectively, panel B) denote the total sum of two corresponding numbers in the columns S 1,95 and S 1,99 underneath S1 at panel A (respectively, panel B). (5) In the same inference process, the numbers in the column SS2 underneath S2 at panel A (respectively, panel B) denote the total sum of two corresponding numbers in the columns S 2,95 and S 2,99 underneath S2 at panel A (respectively, panel B) whereas the numbers in the column SS3 underneath S3 at panel A (respectively, panel B) denote the total sum of two corresponding numbers in the columns S 3,95 and S 3,99 underneath S3 at panel A (respectively, panel B). In addition, the numbers in the column SS4 underneath S4 at panel A (respectively, panel B) denote the total sum of two corresponding numbers in the columns S 4,95 and S 4,99 underneath S4 at panel A (respectively, panel B). (6) The bold font in all columns under S1 denotes the greater number when two numbers corresponding to two models are compared with each other and these two models have the same bivariate variance-covariance specification but with different approaches of parameter estimates (i.e.,
the S-CCC vs. NS-CCC; the S-DCC vs. NS-DCC; and the S-BEKK vs. NS-BEKK). (7)
The bold font in all columns under S2 denotes the greatest number when three numbers corresponding to three models are compared with each other and these three models have the same approach of parameter estimates but with different bivariate variance-covariance specification (i.e., the S-CCC, S-DCC, and S-BEKK; the NS-CCC, NS-DCC, and NS-BEKK). (8) The bold font in all columns under S3 denotes the greatest number when six numbers corresponding to the six models are compared with each other, and these six models are the S-CCC, NS-CCC, S-DCC, NS-DCC, S-BEKK, and NS-BEKK. (9) The bold font in all columns under S4 denotes the greater number when two numbers corresponding to two models are compared with each other. The two models are the NS-DCC and NS_ADCC.
The second category of the model performance competition is the performance competition among the three types of bivariate variance-covariance specifications (i.e., the CCC, DCC, and BEKK) based on the same approach of parameters estimate and it includes two groups of the model performance competition-the S-CCC, S-DCC, and S-BEKK; and the NS-CCC, NS-DCC, and NS-BEKK. The second category of the model performance competition is used to inspect which type of bivariate variance-covariance specification has the best VaR forecast performance and it is achieved by finding the total number of portfolios with the lowest value of the failure rate among three types of bivariate variance-covariance specifications (i.e., the CCC, DCC, and BEKK) that a specified bivariate GARCH model has based on the same approach of parameters estimate, and then these results are summarized in column S2 in Table 3 . For instance, regarding the first panel of Table 3 , the S-DCC (respectively, the S-CCC and S-BEKK) model has the lowest value of failure rate among the S-CCC, S-DC,C and S-BEKK models for all seven portfolios (respectively, none of the portfolio). Hence, the numbers in column S2 corresponding to the S-CCC, S-DCC, and S-BEKK models of the first panel in Table 3 are 0, 7, and 0, respectively. Similarity, the NS-CCC (respectively, NS-DCC) model has the lowest value of failure rate among the NS-CCC, NS-DCC, and NS-BEKK models for the Ny-Sp, Ny-Da and Ny-Sm portfolios (respectively, Ny-Sp, Ny-Ca, Ny-Da, and Ny-Ft portfolios) whereas the NS-BEKK has the lowest value of failure rate only for Sp-Na. Hence, the numbers in column S2 corresponding to the NS-CCC, NS-DCC, and NS-BEKK models of the first panel in Table 3 are 3, 4, and 1, respectively. Concerning the other two panels, the results are summarized in column S2 of Table 3 corresponding to the specified model and the specified panel with the same inference process. Finally, regarding the 95% level, the results in column S2 corresponding to three panels of Table 3 are also respectively summarized at the three columns underneath 95% level that are also underneath S2 in Panel A of Table 5 . The third category of the model performance competition is the performance competition among all the bivariate GARCH models except the NS-ADCC model in order to inspect which model has the best VaR forecast performance, and it is achieved by finding the total number of portfolios with the lowest value of the failure rate among all the above six bivariate GARCH models that a specified bivariate GARCH model has, and then these results are summarized in column S3 in Table 3 . For instance, regarding the first panel of Table 3 , the S-DCC model has the lowest failure rate value among all the bivariate GARCH models except the NS-ADCC model for all seven portfolios. Hence, the number in column S3 corresponding to the S-DCC model of the first panel in Table 3 is 7 whereas those corresponding to the other five models are all zero except the NS-ADCC model. Concerning the other two panels, the results are summarized in column S3 of Table 3 corresponding to the specified model and the specified panel with the same inference process. Finally, regarding the 95% level, the results in column S3 corresponding to three panels of Table 3 are also respectively summarized at the three columns underneath the 95% level that are also underneath S3 in Panel A of Table 5 . The last category of the model performance competition is the performance competition between the NS-DCC and NS-ADCC models and is used to inspect whether the asymmetric DCC model has a better forecast performance than its corresponding symmetric one. It is accomplished by finding the total number of portfolios with a lower value of the failure rate between the NS-DCC and NS-ADCC models, and then these results are summarized in column S4 in Table 3 . For instance, regarding the first panel of Table 3 , the NS-DCC (respectively, NS-ADCC) model has the lower value of failure rate between the NS-DCC and NS-ADCC models only for Ny-Ca and Ny-Ft portfolios (respectively, the Ny-Sm portfolio). Hence, the numbers in column S4 corresponding to the NS-DCC and NS-ADCC models of the first panel in Table 3 are 2 and 1, respectively. Concerning the other two panels, the results are summarized in column S4 of Table 3 corresponding to the specified model and the specified panel with the same inference process. Finally, regarding the 95% level, the results in column S4 corresponding to three panels of Table 3 are also respectively summarized at the three columns underneath the 95% level that are also underneath S4 in Panel A of Table 5 .
Regarding the seven bivariate GARCH models, panel A of Table 5 summarizes the results of the out-of-sample VaR forecasts' performance of the equal weight bi-component stock portfolios based on failure rate for both 95% and 99% levels. Subsequently, in order to easily execute the competition of predictive performances for the seven bivariate GARCH models, we sum the total number of portfolios owning the lower or the lowest value of failure rate that a specified bivariate GARCH model has based on two levels (i.e., the 95% and 99% levels) for each of the four categories of the model performance competition, and list them in column SS1 underneath S1, column SS2 underneath S2, column SS3 underneath S3, and column SS4 underneath S4 for the first, second, third, and last categories of the model performance competition, respectively. For instance, regarding the first category of the model performance competition and regarding the 95% level, the total number of portfolios with the lower value of the failure rate that the S-CCC model has is 4, that is, the summation of three numbers 2, 0, and 2. This number, 4, is listed in the entry corresponding to S-CCC model of the column S 1,95 underneath S1. In the same inference, regarding the 99% level, the total number of portfolios with the lower value of failure rate that the S-CCC model has is 2, that is, the summation of three numbers 1, 1, and 0. This number, 2, is listed in the entry corresponding to S-CCC model of the column S 1,99 underneath S1. Finally, we sum the above two numbers, 4 and 2, and record this number, 6 at the entry corresponding to the row S-CCC and column SS1 underneath S1. As shown in column SS1 underneath S1 in panel A of Table 5 , we find that the NS-CCC model has a better VaR forecast performance for the CCC type of bivariate variance-covariance specification since this model has the larger number, 19 between the S-CCC (6) and NS-CCC (19) models, where the number in the brackets beside each model denotes the summation of the total number of portfolios having the lower value of failure rate for both 95% and 99% levels. In the same inference process, the S-DCC (respectively, S-BEKK) model has a better VaR forecast performance for the DCC (respectively, BEKK) type of bivariate variance-covariance specification. These results indicate that the standard approach has better VaR forecast performance for the DCC and BEKK types of bivariate variance-covariance specification whereas the non-standard or two-step approach has a better VaR forecast performance only for the CCC type of bivariate variance-covariance specification. As reported in column SS2 underneath S2 in panel A of Table 5 , we find that the S-DCC model has the best VaR forecast performance since this model has the larger number, 34, among the S-CCC (1), S-DCC (34), and S-BEKK (11) models. On the contrary, the NS-CCC, NS-DCC, and NS-BEKK models seem to have the same VaR forecast performance since these three models have a nearly equal number among the NS-CCC (15), NS-DCC (16), and NS-BEKK (16) models. These results indicate that the DCC type of bivariate variance-covariance specification has the best VaR forecast performance for the standard approach, whereas the three types of bivariate variance-covariance specification seem to have the same VaR forecast performance for the non-standard approach. As listed in column SS3 underneath S3 in panel A of Table 5 , we find that the S-DCC model has the best VaR forecast performance since this model has the largest number, 34 among all six bivariate GARCH models. These results indicate that the DCC type of bivariate variance-covariance specification with a standard approach has the best VaR forecast performance. Finally, as shown in column SS4 underneath S4 in panel A of Table 5 , we find that the NS-DCC model has a better VaR forecast performance since this model has the larger number, 6 between the NS-DCC (6), and NS-ADCC (3) models. These results indicate that the asymmetric DCC model does not have a better forecast performance than its corresponding symmetric one.
Regarding the bi-component stock portfolios with an equal weight, Table 4 reports the mean VaR of long position for each of the seven bivariate GARCH models under a 95% confidence level over the entire out-of-sample period 17 . The performance competition of four groups of models will be executed with the same inference process as that implemented by the failure rate of Table 3 . From Table 4 , we find that all the values of mean VaR are negative since only the long position is considered in this study. As reported in the empirical results of Table 3 , all models almost underestimate the true VaR since all failure rates are almost higher than the prescribed level. Moreover, the greater the mean VaR of a model in absolute value, the lower the failure rate of the model, indicating that the model with a greater value of mean VaR will bear better performance. Hence, regarding the 95% level, the first category of the model performance competition is accomplished by finding the total number of portfolios with a greater value of the mean VaR in absolute value between the standard approach and its corresponding non-standard approach that a specified bivariate GARCH model has, based on the same variance-covariance specification. Then these results are summarized in column S1 in Table 4 . For instance, regarding the first panel of Table 4 , the S-CCC (respectively, NS-CCC) model has a greater value of mean VaR in absolute value between the S-CCC and NS-CCC models for none of these portfolios (respectively, all of the portfolios). Hence, the numbers in column S1 corresponding to the S-CCC and NS-CCC models of the first panel in Table 4 are 0 and 7, respectively. Concerning the other two groups of the model performance competition (i.e., the S-DCC vs. NS-DCC; and the S-BEKK vs. NS-BEKK), and the other two panels in Table 4 , the results are summarized in column S1 of Table 4 corresponding to the specified model and the specified panel with the same inference process. Finally, regarding the 95% level, the results in column S1 corresponding to three panels of Table 4 are also respectively summarized at the three columns underneath the 95% level that are also underneath S1 in Panel B of Table 5 .
In the same inference process, regarding the 95% level, the second category of the model performance competition is achieved by finding the total number of portfolios with the greatest value of mean VaR in absolute value among the three types of bivariate variance-covariance specifications (i.e., CCC, DCC, and BEKK) that a specified bivariate GARCH model has, based on the same approach of parameters estimate. Then these results are summarized in column S2 in Table 4 . Subsequently, regarding the 95% level, the results in column S2 corresponding to three panels of Table 4 are also respectively summarized at the three columns underneath the 95% level that are also underneath S2 in Panel B of Table 5 . Concerning the 95% level, the third category of the model performance competition is achieved by finding the total number of portfolios with the greatest value of mean VaR in absolute value among all bivariate GARCH models except the NS-ADCC model that a specified bivariate GARCH model has, and then these results are summarized in column S3 in Table 4 . Subsequently, the results in column S3 corresponding to three panels of Table 4 are also respectively summarized at the three columns underneath the 95% level that are also underneath S3 in Panel B of Table 5 . Regarding the 95% level, the last category of the model performance competition is accomplished by finding the total number of portfolios with a greater value of mean VaR in absolute value between the NS-DCC and NS-ADCC models, and then these results are summarized in column S4 in Table 4 . Subsequently, the results in column S4 corresponding to the three panels of Table 4 are also respectively summarized at the three columns underneath the 95% level that are also underneath S4 in Panel B of Table 5 . Finally, we sum the total number of portfolios having a greater or the greatest value of mean VaR in absolute value that a specified bivariate GARCH model has based on two levels (i.e., 95% and 99% levels) for each of the four categories of the model performance competition and list them in column SS1 underneath S1, column SS2 underneath S2, column SS3 underneath S3, and column SS4 underneath S4 in Panel B of Table 5 for the first, second, third, and last categories of the model performance competition, respectively.
As shown in column SS1 underneath S1, column SS2 underneath S2, column SS3 underneath S3, and column SS4 underneath S4 in panel B of Table 5 , we find that the results are almost the same as those found in the case of the failure rate. That is, regarding the first group of performance competition, the standard approach has a better VaR forecast performance for the DCC and BEKK types of bivariate variance-covariance specification whereas the non-standard or two-step approach has a better VaR forecast performance only for the CCC type of bivariate variance-covariance specification. Regarding the third group of the performance competition, the DCC type of bivariate variance-covariance specification with a standard approach has the best VaR forecast performance. With regard to the last group of performance competition, the NS-DCC model has better VaR forecast performance than the NS-ADCC model. From the above findings, these results of the first, third, and last groups of the performance competition are consistent with those found in the failure rate. Regarding the second group of the performance competition, the DCC type of bivariate variance-covariance specification has the best VaR forecast performance among all three types of bivariate variance-covariance specifications irrespective of the standard or non-standard approach. This result is slightly different from that found in the failure rate. Based on the failure rate, the DCC type of bivariate variance-covariance specification has the best VaR forecast performance only for the standard approach, whereas three types of bivariate variance-covariance specification seem to have the same VaR forecast performance for the non-standard approach.
Summary Comparison Results Based on Alternative Accuracy Measures
In this subsection, the 21 equal weight bi-component stock portfolios are used as a sample and three accuracy measures (i.e., LR uc , LR cc , and DQ) are utilized to perform the back-testing of each of the seven bivariate GARCH models: the S-CCC, NS-CCC, S-DCC, NS-DCC, S-BEKK, NS-BEKK, and the NS-ADCC models, and then the produced results are used to assess the VaR forecast performance for the above seven models according to the issues explored in this study. In principle, the model with the greater number that passes the above three back-testing bears a better performance than the model with the smaller that number. Table 6 reports the LR uc , LR cc , and DQ test statistics of long position for each of the seven bivariate GARCH models under a 95% confidence level over the entire out-of-sample period 18 . Moreover, regarding a specified model, the total number of portfolios that pass the LR uc , LR cc , and DQ types of back-testing are counted and are respectively listed in column Sum of Panels A, B, and C in Table 6 . For example, regarding the first subpanel of Panel A in Table 6 , both the S-CCC and NS-CCC models pass the LR uc test only for the Ny-Sp and Ny-Sm portfolios. Hence, the numbers in column Sum corresponding to the rows S-CCC and NS-CCC models of the first subpanel of Panel A in Table 6 are 2 and 2, respectively. Concerning the other five models and the other two subpanels, the results are summarized in column Sum of Panel A in Table 6 corresponding to the specified model and the specified subpanel with the same inference process. Finally, the results in column Sum corresponding to three subpanels of Panel A in Table 6 are also respectively summarized at the three columns underneath LR uc that are also underneath 95% in the first panel of Table 7 . In the same inference, the results in column Sum corresponding to three subpanels of Panel B (respectively, C) in Table 6 are also respectively summarized at the three columns underneath LR cc (respectively, DQ) that are also underneath 95% in the first panel of Table 7 . Table 7 summarizes the results of the above three accuracy tests (i.e., LR uc , LR cc , and DQ) for four levels (i.e., 90%, 95%, 99%, and 99.5%) based on 21 equal weight bi-component stock portfolios as a sample. Subsequently, regarding all 21 equal weight bi-component stock portfolios, we sum the total number of portfolios that pass the three accuracy measures (i.e., LR uc , LR cc , and DQ) under the 90% (respectively, 95%) level for each of the seven bivariate GARCH models, and list them in column S 90 (respectively, S 95 ) underneath the 90% (respectively, 95%) level at the first panel in Table 7 . In other words, the numbers in column S 90 (respectively, S 95 ) underneath the 90% (respectively, 95%) level at the first panel of Table 7 denote the summation of three corresponding numbers in columns S 90,uc , S 90,cc and S 90,dq (respectively, S 95,uc , S 95,cc and S 95,dq ). Moreover, the numbers in column S 90,uc (respectively, S 90,cc ) underneath the 90% denote the summation of three corresponding numbers in column LR uc (respectively, LR cc ) underneath the 90% whereas those in column S 90,dq underneath the 90% denote the summation of three corresponding numbers in column DQ underneath the 90%. In the same inference process, we sum the total number of portfolios that pass the three accuracy measures (i.e., LR uc , LR and DQ) under a 99% (respectively, 99.5%) level for each of the seven bivariate GARCH models and list them in column S 99 (respectively, S 995 ) underneath a 99% (respectively, 99.5%) level at the second panel of Table 7 .
In the same inference process that is executed in the previous subsection, four categories of the model performance competition will be executed in this section according to the issues addressed in this study. The issues are respectively explored for the 90%, 95%, 99%, and 99.5% levels via the numbers in column S 90 underneath the 90% level, S 95 underneath the 95% level, S 99 underneath the 99% level, and S 995 underneath the 99.5% level in Table 7 . The first category of the model performance competition is used to inspect which approach of parameters estimate (i.e., the standard or non-standard approach) has a better VaR forecast performance based on the same bivariate variance-covariance specification. We find that the NS-CCC model has a better VaR forecast performance than the S-CCC model for the CCC type of bivariate variance-covariance specification for most of the four levels since the NS-CCC model has the larger total number of portfolios that pass three accuracy measures except the 99.5% level. For example, regarding the 90% level, the NS-CCC model has the larger number, 38 between the S-CCC (33) and NS-CCC (38) models, where the number in the brackets beside each model denotes the summation of the total number of portfolios that pass three accuracy measures for the 90% level. In the same inference process, the S-DCC (respectively, S-BEKK) model has a better VaR forecast performance for the DCC (respectively, BEKK) type of bivariate variance-covariance specification for all levels. These results indicate that the standard approach has better VaR forecast performance for the DCC and BEKK types of bivariate variance-covariance specification whereas the non-standard approach has a better VaR forecast performance only for the CCC type of bivariate variance-covariance specification. These results are consistent with those found in the failure rate and mean VaR.
The second category of the model performance competition is used to inspect which type of bivariate variance-covariance specification will have the best VaR forecast performance based on the same approach of parameters estimate. We find that the S-DCC model has the best VaR forecast performance since this model has the largest total number of portfolios that pass the three accuracy measures among the S-CCC, S-DCC, and S-BEKK models for all four levels. On the contrary, the NS-CCC, NS-DCC, and NS-BEKK models seem to have the same VaR forecast performance since, for these three models, the corresponding total numbers of portfolios that pass the three accuracy measures are almost equal. For example, regarding the 90% (respectively, 95%) level, the above total numbers are 38 (respectively, 27), 42 (respectively, 23), 38 (respectively, 25) for the NS-CCC, NS-DCC, and NS-BEKK models, respectively. Conversely, regarding the 99% (respectively, 99.5%) level, the above total numbers are 6 (respectively, 2), 5 (respectively, 5), 9 (respectively, 3) for the NS-CCC, NS-DCC, and NS-BEKK models, respectively. The above results indicate that the DCC type of bivariate variance-covariance specification has the best VaR forecast performance only for the standard approach, whereas three types of bivariate variance-covariance specifications seem to have the same VaR forecast performance for the non-standard approach. In other words, the above results are completely consistent with those found in the failure rate, whereas they are slightly different from those found in the mean VaR. The third category of the model performance competition is used to inspect which model has the best VaR forecast performance among all the bivariate GARCH models except the NS-ADCC model. We find that the S-DCC model has the best VaR forecast performance since this model has the largest total number of portfolios that pass three accuracy measures among all bivariate GARCH models excluding or including the NS-ADCC model. These results indicate that the DCC type of bivariate variance-covariance specification with the standard approach has the best VaR forecast performance. These results are consistent with those found in the failure rate and mean VaR. Finally, the last or the fourth category of the model performance competition is used to explore whether the two-step asymmetric DCC model has a better performance than its corresponding symmetric one. We find that both the NS-ADCC and NS-DCC models almost have the same forecast performance since the NS-ADCC model has a larger total number of portfolios that pass three accuracy measures for the 95% and 99.5% levels whereas the NS-DCC model has the larger total number of portfolios that pass the three accuracy measures for the 90% and 99% levels. For example, regarding the 90% (respectively, 95%) level, the above total numbers are 42 (respectively, 23) and 40 (respectively, 26) for the NS-DCC and NS-ADCC models, respectively. Conversely, regarding the 99% (respectively, 99.5%) level, the above total numbers are 5 (respectively, 5) and 0 (respectively, 7) for the NS-DCC and NS-ADCC models, respectively. Note: (1) Refer to note 2 of Table 3 . (2) The numbers in the columns LR uc , LR cc , and DQ underneath the 95% level at the first panel are respectively summarized from the numbers in the column Sum of Panels A, B, and C in Table 6 . (3) The numbers in the columns S 95,uc (S 99,uc ), S 95,cc (S 99,cc ) , and S 95,dq (S 99,dq ) underneath the 95% (99%) level at the first (second) panel denote the total number of portfolios that pass the LR uc , LR cc , and DQ tests at the specified model for all 21 bi-component stock portfolios, respectively. (4) The numbers in column S 95 (S 99 ) underneath the 95% (99%) level at the first (second) panel denote the total sum of three corresponding numbers in columns S 95,uc (S 99,uc ), S 95,cc (S 99,cc ) , and S 95,dq (S 99,dq ) representing the total number of portfolios that pass the LR uc , LR cc , or DQ tests at the specified model for the 95% (99%) level. (5) In the same inference process, the numbers in column S 90 (S 995 ) underneath the 90% (99.5%) level at the first (second) panel denote the total sum of three corresponding numbers in columns S 90,uc (S 995,uc ), S 90,cc (S 995,cc ) , and S 90,dq (S 995,dq ) . (6) The bold font in columns S 90 , S 95 , S 99 , and S 995 denotes the greater number when two numbers corresponding to two models are compared with each other and these two models have the same bivariate variance-covariance specification but a different parameter estimate approach (i.e., the S-CCC vs. NS-CCC; the S-DCC vs. NS-DCC; and the S-BEKK vs. NS-BEKK).
(7) The underlined font in columns S 90 , S 95 , S 99 , and S 995 denotes the greatest number when three numbers corresponding to the three models are compared with each other and these three models have the same parameter estimate approach but a different bivariate variance-covariance specification (i.e., the S-CCC, S-DCC, and S-BEKK; the NS-CCC, NS-DCC, and NS-BEKK).
(8) The shade font in columns S 90 , S 95 , S 99 , and S 995 denotes the greatest number when six numbers corresponding to the six models are compared with each other and these six models are the S-CCC, NS-CCC, S-DCC, NS-DCC, S-BEKK, and NS-BEKK models. (9) The italic font in columns S 90 , S 95 , S 99 , and S 995 denotes the greater number when two numbers corresponding to two models are compared with each other and these two models are the NS-DCC and NS-ADCC.
To sum up, irrespective of the results from the preliminary analysis of the average VaR performance in the previous subsection or the results from the three types of back-testing in this subsection, we get the following conclusions: first, the standard approach has a better VaR forecast performance for the DCC and BEKK types of bivariate variance-covariance specification whereas the non-standard approach has a better VaR forecast performance only for the CCC type of bivariate variance-covariance specification; second, the DCC type of bivariate variance-covariance specification has the best VaR forecast performance for the standard approach whereas three types of bivariate variance-covariance specification seem to have the same VaR forecast performance for the non-standard approach; third, the DCC type of bivariate variance-covariance specification with the standard approach has the best VaR forecast performance among all the bivariate GARCH models including the NS-ADCC model; fourth, both the NS-ADCC and NS-DCC models almost have the same VaR forecast performance. Finally, we firmly believe that the DCC type of bivariate variance-covariance specification plays a significantly important role as the dynamic risk is measured.
Robust Check for the Performance Assessments of VaR Forecasts
To check whether a different portfolio (different components with different weights) has the same VaR forecast comparison results with the equal-weight bi-component portfolio described in the previous section, we add the following two additional sub-issues in this section. First we add two other weight combinations (w 1 = 25%, w 2 = 75%; and w 1 = 75%, w 2 = 25%) for the original 21 stock-based bi-component portfolios to investigate whether the different weight combinations of portfolios will affect the VaR forecast comparison results. Second, this work also considers Udi as a new component asset to construct seven currency-stock-based bi-component portfolios to investigate whether the different component combinations of portfolios will affect the VaR forecast comparison results. In addition, besides the three accuracy tests, we also perform an efficiency test via the MRC to analyze whether any of the competing models significantly outperform the benchmark, and then select the most suitable model for the risk management of a bank.
Can the Weight Combinations of Portfolios Affect the Performance of VaR Forecasts?
Regarding the above first sub-issue, we summarize the results of Table 7 again to easily compare the results for the three weight combinations of stock-based portfolios. Taking an example of the 90% level, the numbers in column S 90,uc (respectively, S 90,cc ) of Table 7 are recorded in column LR uc (respectively, LR cc ) underneath the 90% level in panel A of Table 8 . Similarly, the numbers in column S 90,dq (respectively, S 90 ) of Table 7 are recorded in column DQ (respectively, Sum) underneath the 90% level in panel A of Table 8 . Subsequently, via following the procedure in the case of equal-weight bi-component portfolios, we summarize the results of three accuracy tests for the weight combinations: w 1 = 25%, and w 2 = 75% (respectively, w 1 = 75%, and w 2 = 25%) in panel B (respectively, C) of Table 8 . Table 8 lists all summary results of the out-of-sample VaR forecasts performance for the three weight combinations of stock-based portfolios. Then we execute four groups of the model performance comparisons as listed in Section 5.2.2. As reported in Table 8 , regarding the three weight combinations, we find that, first, the NS-CCC model has a better VaR forecast performance than the S-CCC model for the CCC type of bivariate variance-covariance specification for most cases because the NS-CCC model has a larger total number of portfolios that pass the three accuracy measures except for the cases of the 99.5% level in panel A and both the 99% and 99.5% levels in panel C. Using the same inference process, the S-DCC model has a better VaR forecast performance than the NS-DCC model for all cases. Conversely, the S-BEKK model has a better VaR forecast performance than the NS-BEKK model except for the 90%, 95%, and 99% levels in panel B. Second, the S-DCC model has the best VaR forecast performance because this model has the largest total number of portfolios that pass the three accuracy measures among the S-CCC, S-DCC, and S-BEKK models for all cases. In contrast, the NS-CCC, NS-DCC, and NS-BEKK models seem to have the same VaR forecast performance because, for these three models, the corresponding total numbers of portfolios that pass the three accuracy measures are almost equal. Third, the S-DCC model has the best VaR forecast performance because this model has the largest total number of portfolios that pass the three accuracy measures among all seven bivariate GARCH models for all cases. Fourth, both the NS-ADCC and NS-DCC models have almost the same VaR forecast performance because, for these two models, the corresponding total numbers of portfolios that pass the three accuracy measures are almost equal.
From this, we reach the following conclusions irrespective of weight combinations. First, the standard approach has a better VaR forecast performance for the DCC and BEKK types of bivariate variance-covariance specifications, whereas the non-standard approach has better VaR forecast performance only for the CCC type of bivariate variance-covariance specification. Second, the DCC type of bivariate variance-covariance specification has the best VaR forecast performance only for the standard approach, whereas three types of bivariate variance-covariance specifications seem to have the same VaR forecast performance for the non-standard approach. Third, the DCC type of bivariate variance-covariance specification with the standard approach shows the best VaR forecast performance among the seven bivariate GARCH models. Fourth, the NS-ADCC and NS-DCC models have almost the same VaR forecast performance. These findings can also be observed from the numbers in the column SUM of Table 8 . Hence the different weight combinations of portfolios do not affect the VaR forecast comparison results for the stock-based portfolio. Notably, the finding that the DCC type of bivariate variance-covariance specification with the standard approach (i.e., the S-DCC model) shows that the best VaR forecast performance among the seven bivariate GARCH models is the most significant because there is no exception in this group in terms of the model performance comparisons for all four levels and for all three weight combinations.
Can the Component Combinations of Portfolios Affect the Performance of VaR Forecasts?
Regarding this second sub-issue, Table 9 reports the out-of-sample VaR forecasts performance of seven equal-weight currency-stock portfolios based on alternative accuracy tests for the 90% level. Subsequently, we summarize the results of Table 9 in Table 10 to easily compare the results for three weight combinations of currency-stock-based portfolios. For example, the numbers in column Sum in panel A (respectively, B) in Table 9 are recorded in column LR uc (respectively, LR cc ) underneath the 90% level in panel A of Table 10 . Conversely, the numbers in column Sum in panel C in Table 9 are recorded in column DQ underneath the 90% level in panel A of Table 10. Table 10 lists all the summary results of the out-of-sample VaR forecast performance for three weight combinations of currency-stock-based portfolios. Then we execute four groups of the model performance comparisons imitating the same process performed in Table 8 . Before we perform this analysis, we find a specific phenomenon existing in Table 10 compared to Table 8 . For example, the total numbers of portfolios that pass three accuracy measures are almost equal for most cases, such as all four levels of panel A; the 99% and 99.5% levels of panel B; the 90% and 95% levels of panel B except for the S-CCC model; and the 90%, 95%; and 99.5% levels of panel C except for the S-CCC model. Taking an example of the 90% level of panel A, the total numbers of portfolios that pass the three accuracy measures are 17, 18, 20, 20, 19, 20 , and 21 for the S-CCC, NS-CCC, S-DCC, NS-DCC, S-BEKK, NS-BEKK, and NS-ADCC models, respectively. This phenomenon indicates that all seven models seem to have the same VaR forecast performance because the seven numbers are almost the same.
Subsequently, we execute four groups of the model performance comparisons. As reported in Table 10 , regarding the three weight combinations, we find that, first, both the S-CCC and NS-CCC models seem to have the same VaR forecast performance because, for these two models, the corresponding total numbers of portfolios that pass the three accuracy measures are almost equal except for the cases of the 90% and 95% levels of panel B and all levels of panel C. The phenomenon is more significant for both the S-DCC and NS-DCC models and for both the S-BEKK and NS-BEKK models because, regarding these two pairs of models, the total numbers of portfolios that pass the three accuracy measures are almost equal for all three panels and for all three levels. Second, the S-DCC (respectively, NS-DCC) model seems to have the best VaR forecast performance because this model has the largest total number of portfolios that pass the three accuracy measures among the S-CCC, S-DCC, and S-BEKK (respectively, NS-CCC, NS-DCC, and NS-BEKK) models for most cases. However, this result is not significant because the corresponding total numbers are almost equal for these three models. Third, the seven models seem to have the same VaR forecast performance because the models with the largest total number of portfolios that pass the three accuracy measures among the seven models are uniformly distributed in all seven models. Fourth, the NS-ADCC and NS-DCC models have almost the same VaR forecast performance because the corresponding total numbers of portfolios that pass the three accuracy measures are almost equal for these two models.
From this, we reach the following conclusions irrespective of weight combinations. All seven models seem to have the same VaR forecast performance. This result is consistent with that found at the preliminary analysis in the previous paragraph. These findings can also be roughly observed from the numbers in the column SUM of Table 10 . Hence the different weight combinations of portfolios do not affect the comparison results for the currency-stock-based portfolio. To sum up, the weight combinations of portfolios do not affect the comparison results for both the currency-stock and stock-based portfolios. However, the different component combinations of portfolios will affect the comparison results.
Efficiency Evaluation Test via Market Risk Capital
Through performing the VaR forecasts' performance comparison among all seven models via three accuracy tests, we know which approach of parameters estimate (i.e., the standard or non-standard approach) has a better VaR forecast performance for a specific type of bivariate variance-covariance specification and which type of bivariate variance-covariance specification (i.e., the CCC, DCC, or BEKK) has a better VaR forecast performance for a specific approach of parameters estimate and, more strictly, which model has the best VaR forecast performance among all seven models. The question is how to use these findings in real cases such as the risk management of a bank. That is, which model is more suitable for banking risk management? Thus, via combining the MRC under the 1996 MRA to the Basel Capital Accord, this study utilizes the two-stage selection procedure of Sarma et al. (2003) to select a suitable model to manage the institutional risk. Regarding the above two-stage selection procedure, the first stage of the model selection involves several statistical accuracy tests (e.g., LR uc , LR cc , and DQ) that were executed previously. On the other hand, the second stage includes an efficiency test based on specific loss functions such as the MRC loss function. To repeat, the MRC is the amount of regulatory capital a bank must hold with respect to its market risk exposure. Regarding the above efficiency test, we use the superior predictive ability (SPA) test by . The null hypothesis of this test is that none of the models is better than the benchmark. If the p-value of this test statistic is greater than the 10% level, then the null hypothesis is accepted, or the benchmark model shows better performance than the other competing models. In the SPA test, each competing model has to take turns being the benchmark model. Hence, we perform this test seven times for the seven bivariate GARCH models.
As defined by the MRC in Equation (21), the values of MRC depend on the values of VaR at the 99% level. Hence, we only consider four models (S-DCC, NS-DCC, NS-BEKK, and NS-ADCC 19 ) to perform the efficiency test. That is, we exclude the other three models (S-CCC, NS-CCC, and S-BEKK) because they have no portfolios passing the alternative accuracy test at the first stage. For example, the total number of tests passing the three accuracy tests is zero for the S-CCC model in panel B of Table 10 (i.e., w 1 = 25%, and w 2 = 75% weight combination of currency-stock portfolio), the NS-CCC model in panel A of Table 10 (i.e., w 1 = 50%, and w 2 = 50% weight combination of currency-stock portfolio), and the S-BEKK model in panel B of Table 8 (i.e., w 1 = 25%, and w 2 = 75% weight combination of stock portfolio). Table 11 lists the results of the efficiency evaluation test based on MRC for equal-weight bi-component stock and currency-stock portfolios 20 . Moreover, regarding a specified model, the total number of portfolios that pass the SPA test is counted and listed in column Sum of Table 11 . For example, regarding the first subpanel of panel A of Table 11 , no stock portfolio passes the SPA test for both the NS-DCC and NS-ADCC models; only the Ny-Ft portfolio passes this test for the S-DCC model and all seven stock portfolios pass this test for the NS-BEKK model. Hence, the numbers in column Sum corresponding to the rows S-DCC, NS-DCC, NS-BEKK, and NS-ADCC models of the first subpanel of panel A of Table 11 are 1, 0, 7, and 0, respectively. We also count the total number of portfolios that pass the SPA test for a specified model when taking 21 stock portfolios as a whole, and then record it in parentheses "( )" in column Sum in the third subpanel of panel A. As reported there, the total numbers of portfolios that pass the SPA test for the S-DCC, NS-DCC, NS-BEKK, and NS-ADCC models respectively are 8, 2, 21, and 2 when taking 21 stock portfolios as a whole. These results are also summarized in column "w 1 = 0.5, w 2 = 0.5" underneath Stock portfolios in Table 12 . With the same inference process, the total numbers of portfolios that pass the SPA test for the S-DCC, NS-DCC, NS-BEKK, and NS-ADCC models respectively are 5, 0, 7, and 1 when taking seven currency-stock portfolios as a whole. These results are recorded in the column Sum of panel B in Table 11 and also summarized in column "w 1 = 0.5, w 2 = 0.5" underneath Currency-stock portfolios in Table 12 . In Table 11 , we also show that when a model passes the SPA test, the corresponding MRC is almost the smallest among all competing models' MRCs. Table 12 lists the summary results of the efficiency evaluation test based on MRCs for three weight combinations of stock and currency-stock portfolios. As reported in Table 12 , we find that the NS-BEKK model has the best efficiency, followed by the S-DCC model for all the cases of three weight combinations of both the stock and currency-stock portfolios because the NS-BEKK model has the largest total number of portfolios that pass the SPA test. For example, as shown in column "w 1 = 0.5, w 2 = 0.5" underneath Stock portfolios in Table 12 , the total number of portfolios that pass the SPA test is equal to 21 for the NS-BEKK model. This number, 21, is the largest among the 8 (the S-DCC), 2 (the NS-DCC), 21 (the NS-BEKK), and 2 (the NS-ADCC). These results indicate that irrespective of the weight combination of the portfolios, the NS-BEKK is the most suitable model to be used in the stock-and currency-stock-based portfolio by the bank risk manager. In addition, we are surprised that the NS-BEKK model is selected from the efficiency evaluation test for both the stock-and currency-stock-based portfolios, whereas the S-DCC model is chosen from the accuracy tests only for the stock-based portfolio. The reason we guess for this is that the three accuracy tests are based on the one-day VaR, whereas the efficiency evaluation test is based on the MRC that depends on the 10-day VaR at the 99% confidence level and the MRA's multiplication factor. As to the other reasons, they are left for future investigations. Note: (1) S-DCC and NS-DCC respectively denote the standard and non-standard (i.e., the two-step) dynamic conditional correlation models; NS-BEKK denotes the non-standard (i.e., the simplified) BEKK model derived by Su (2014a) , whereas NS-ADCC denotes the non-standard (i.e., the two-step) asymmetric type of dynamic conditional correlation model. (2) w 1 and w 2 are the weights of the two component assets of portfolios. (3) The numbers are summarized from those in the column Sum of Table 11 and denote the total number of bi-component portfolios that adopt the SPA test for a specified model. Notably, there are 21 bi-component stock portfolios and 7 bi-component currency-stock portfolios. (4) The bold font denotes the greatest number among the four numbers in each column.
Conclusions
In this study, the seven bivariate GARCH models were mainly used to forecast the out-of-sample VaR of 21 equal-weight bi-component portfolios composed of alternative two indices among seven stock indices in America and Europe. The seven bivariate GARCH models were composed of four bivariate variance-covariance specifications with two parameter estimate approaches. Subsequently, the out-of-sample forecast results were used to investigate which bivariate variance-covariance specification and which parameter estimate approach has a better VaR forecast performance and whether the asymmetric DCC model has a better forecast performance than its corresponding symmetric one. To explore whether a different portfolio (different components with different weights) has the same comparison results with the equal-weight portfolio, two additional sub-issues were explored. First, we added two other weight combinations (w 1 = 25%, w 2 = 75%; and w 1 = 75%, w 2 = 25%) for the original 21 stock-based portfolios to investigate whether the different weight combinations would affect the comparison results. Second, we also considered the US dollar index (Udi) as the new component asset to construct seven currency-stock-based bi-component portfolios to investigate whether the different component combinations of portfolios would affect the comparison results. Finally, via combining the MRC under the 1996 MRA to the Basel Capital Accord, we used the two-stage selection procedure of Sarma et al. (2003) to select a suitable model to manage the institutional risk.
The empirical findings can be summarized as follows. Regarding the stock portfolios, we find the following findings irrespective of weight combinations. First, the standard approach has a better VaR forecast performance for the DCC and BEKK types of bivariate variance-covariance specification, whereas the non-standard approach has a better VaR forecast performance only for the CCC type of bivariate variance-covariance specification. Second, the DCC type of bivariate variance-covariance specification has the best VaR forecast performance only for the standard approach, whereas three types of bivariate variance-covariance specification seem to have the same VaR forecast performance for the non-standard approach. Third, the DCC type of bivariate variance-covariance specification with the standard approach shows the best VaR forecast performance among the seven bivariate GARCH models. This result is one of the most significant findings in this study. Fourth, the NS-ADCC and NS-DCC models have almost the same VaR forecast performance. Hence, the different weight combinations of portfolios seem to not affect the comparison results for the stock-based portfolio. On the other hand, regarding the currency-stock portfolios, all seven models seem to have the same VaR forecast performance irrespective of weight combinations, indicating that the different weight combinations seem not to affect the comparison results for the currency-stock-based portfolio. Hence, regarding the accuracy test, the VaR forecast performance comparison results vary with the component combination of the portfolio but do not vary with the weight combinations of the portfolios. Finally, regarding the efficiency evaluation test via market risk capital, we find that the NS-BEKK is the most suitable model to be used in stock-and currency-stock-based portfolios for the bank risk manager, irrespective of the weight combination of portfolios. This is another of the most significant findings in this study.
Based on these findings, one important policy implication is proposed: the bank risk manager should select the NS-BEKK model to forecast the VaR of both the stock and currency-stock portfolios because the BEKK type of bivariate variance-covariance specification with the non-standard approach (i.e., with simplified parameters) produces the smallest value of MRC among all competing models' MRCs.
